Introduction
The term "agglomeration economies" is used to denote the mechanisms that drive employees and firms to co-locate geographically. Many papers have tested and quantified the importance of these economies 1 . Some analyze their influence on the geographical concentration of economic activities, whereas others test their effect on wages. Despite the accumulation of a substantial body of literature, further empirical work is needed to understand more precisely the mechanisms through which agglomeration economies work (Puga, 2010; and Glaeser and Gottlieb, 2009) . The classification of agglomeration mechanisms which is most often used in the (empirical) literature is due to Marshall (1890) , who described three mechanisms: labor market pooling, input sharing and knowledge spillovers 2 . A densely-populated local labor market (labor market pooling) facilitates the flows of workers across firms in the presence of firm-specific shocks (Krugman, 1991) and enhances employer-employee matches (Hesley and Strange, 1990) . The concentration of firms in a geographical area also enables firms to share input suppliers (input sharing) and facilitates the transmission of knowledge (knowledge spillovers).
One of the first papers to empirically analyze the sources of agglomeration economies was Rosenthal and Strange (2001) . These authors try to identify the characteristics of an industry that determine its degree of geographical concentration, using proxies of the three agglomeration mechanisms described by Marshall. If labor market pooling is a relevant agglomeration theory, then industries that use workers who are less mobile across industries should be spatially concentrated. If input sharing is a relevant agglomeration theory, then industries that make more intensive use of inputs should be spatially concentrated. Finally, the observation that knowledgeintensive industries are more spatially concentrated would be indicative of the presence of knowledge spillovers. Rosenthal and Strange (2001) find that labor market pooling is the most important agglomeration mechanism at work and that knowledge spillovers also seem to contribute to industry agglomeration, but only at the local level. Ellison et al (2010) ingeniously twists the methodology developed by Rosenthal and Strange (2001) and re-defines the dependent variable, making it the tendency of two industries to co-locate ("co-agglomerate" is the term they use). An index that measures the co-agglomeration of an industry pair is then regressed on measures of the extent to which an industry pair use the 1 See Glaeser and Gottlieb (2009) and Puga (2010) for two extensive reviews of the research on the economics of agglomeration. 2 Duranton and Puga (2004) provide an alternative, more theoretically driven, classification. These authors propose to classify agglomeration mechanisms as sharing, matching or learning mechanisms. Agglomeration can be beneficial as a means to share facilities and infrastructures, input suppliers, the gains of individual specialization and a labor pool. Matching and learning can be enhanced in a more economically dense environment. same type of workers (labor market pooling), have a customer-supplier relationship (input sharing) and use the same technologies (knowledge spillovers). Although they find positive and statistically significant evidence of the existence of all three mechanisms, they find input sharing to be the most important.
The objective of this paper is to shed more light on the relative importance of each of Marshall's agglomeration mechanisms by examining the location of new manufacturing firms in Spain. In particular, we estimate the count of new firms by industry and location as a function of (pre-determined) local employment levels in industries that: 1) use similar workers (labor market pooling); 2) have a customer-supplier relationship (input sharing); and 3) use similar technologies (knowledge spillovers).
The random co-location of an industry pair could induce the firms involved to use the same type of workers, to start a customer-supplier relationship or to use the same type of new technologies; if so, industrial relations may be the result and not the cause of co-location. Using the count of new firms as the dependent variable helps us to overcome this identification problem. From the viewpoint of an entrepreneur, location attributes are fixed at the time of the start-up and this eliminates the possibility of a simultaneity bias (Rosenthal and Strange, 2003) .
That is, if sharing workers were the result and not the cause of co-location, the location of new firms would not react to the (pre-determined) geographical distribution of industries that use similar workers. A second contribution of this paper is that we use a novel measure of knowledge flows between industries. In the literature, information flows have been proxied using patent citations data (patents in industry i that are cited in patents of industry j) or Scherer's (1984) technology matrix which measures R&D activity flows between industries. Ellison et al (2010) use measures based on both of these approaches, accepting that they only reflect flows of ideas at the highest level. We use a survey conducted by Statistics Spain asking firms about the use of new technologies in their production processes. This allows us to measure the extent to which two industries use the same new technologies in their productions. We replicate our analysis at two different geographical levels, the rationale being that different agglomeration mechanisms may operate at different geographical scales. We examine variation in the creation of new firms across cities and across municipalities within large cities to shed light on the geographical scope of each of the three agglomeration mechanisms. Since municipalities in Spain are very small 3 , this paper 3 Spanish municipalities average 60 square kilometres, being much smaller than US zip codes. In the sample of metropolitan US zip codes used in Rosenthal and Strange (2003) , the zip code average surface is 200 sq. km. (more than three times larger than the average Spanish municipality). studies the relative importance of the different agglomeration mechanisms within a very narrow geographical scope 4 , a question that is left unexplored in Ellison et al (2010) . This constitutes the third contribution of this paper.
Our main results can be summarized as follows. The creation of new firms in a given industry is higher in areas with a strong presence of industries that use similar workers. The results also indicate that a strong presence of the relevant input suppliers also favors the creation of new firms. Hence, our results indicate that labor market pooling and input sharing are relevant agglomeration theories, and that the relative importance of these two mechanisms is roughly the same. These effects show up when we examine variation in the creation of new firms both across cities and across municipalities within large cities. In the latter case, we also find that new firms locate in areas with the presence of industries that use similar technologies, although this effect is relatively small. This suggests that the knowledge spillovers are relevant but operate at a limited geographical scale.
In the literature, the paper that most resembles ours is Dumais et al (1997) 5 . These authors seek to explain industry employment growth as a function of the local employment levels in industries which use similar workers, have a customer-supplier relationship (input sharing), and use similar technologies. Their results suggest that labor market pooling is the most important agglomeration mechanism. Their contribution is, however, limited by the fact that their data are aggregated at the two-digit industry level, masking many of the inter-industry relations that take place within this level. To our knowledge, Dumais et al (1997) and Ellison et al (2010) are the only other studies that use inter-industry relations to shed light on the sources of agglomeration.
However, our paper also relates to a number of studies that have tested the existence of a particular agglomeration mechanism. Fallick et al (2006) show that workers' mobility between firms is higher in specialized areas. Overman and Puga (2010) find that industries with more risk are more geographically concentrated. Thus, these two studies provide evidence that, in a thick labor market, firms and workers are in a better position to face firm-specific shocks. Costa and Khan (2000) and Andersson et al (2007) have shown that employee-employer matches are better in densely populated areas. Other studies have tested the relevance of the input sharing mechanism, including Bartlesman et al (1994) , Holmes (1999) , Holmes and Stevens (2002) and Li 4 A number of papers have shown that there are agglomeration effects that have a very limited geographical scope, including Rosenthal and Strange (2003) using US data and Viladecans-Marsal (2004) and Jofre-Monseny (2009) using Spanish data. 5 Dumais et al (1997) contains different analyses. Here, we refer to the one developed in Section 6; this does not appear in Dumais et al (2002) , the published version of the paper. and Lu (2009). Their results indicate that the co-location of firms reduces transportation costs in purchasing inputs and selling outputs. It is more difficult to test for the existence of knowledge spillovers. The most direct test of their existence is provided by studies showing that inventors are more likely to cite other inventors who are geographically closer (Jaffe et al, 1993; and Agrawal et al, 2008) .
After this introduction, the rest of the paper is organized as follows. In Section 2 we introduce the firm-level database used to construct the count of new firms by industry and location. This count constitutes the dependent variable of this paper, and is also described in this section. In Section 3 we explain the way in which we measure inter-industry relations along the three different agglomeration theories. In Section 4 we discuss the econometrics of the paper and in Section 5 we present the results. Section 6 concludes.
The location of new firms
Previous work has shown that the strength of different agglomeration mechanisms may differ at different geographical scales 6 . We therefore perform our analysis at two different geographical levels. First, we work with Spanish cities, which are aggregations of municipalities built on the basis of commuting patterns 7 . There are 806 such cities in Spain, although we only consider those with more than 10,000 inhabitants in order to exclude primarily rural areas. Finally we work with 477 cities which in 2001 contained 95% of the Spanish population and employment. Sometimes we will use the term 'between-cities analysis' to refer to the regression analysis in which we explain variation in the creation of new firms across these 477 cities. Alternatively, our aim will be to explain variation in new firm creations across municipalities within large cities (within-cities analysis), in order to explore the agglomeration sources that are relevant across small geographical units within economically dense areas. To capture this, we select the 19 cities whose central municipality has more than 200,000 inhabitants. There are 755 municipalities in these 19 cities, which contained 45% of the Spanish population and employment in 2001.
The dependent variable is constructed using the Bureau van Dijk SABI database 8 . This firm-level database contains the location (municipality) of the firm, the year the firm was created, and its industry. Our dependent variable is defined as the count of firms created in 2002, 2003 and 2004 by industry and location. 17,600 new manufacturing firms were created in Spain in this 6 This literature is reviewed in Rosenthal and Strange (2004) and Arauzo-Carod et al (2010) . 7 The cities we use were built by Boix and Galleto (2006) by aggregating municipalities to obtain self-contained local labor markets. There were 8,108 municipalities in Spain in 2001. The municipalities are political and administrative units. We exclude the municipalities of the regions of Ceuta and Melilla (the two Spanish enclaves in North Africa). 8 Although this database does not contain all Spanish firms, for the year 2002 it contains 80%.
three-year period. The industry definition that we use corresponds to the three-digit level of the 1993 National Classification of Economic Activities (NACE 93 Rev.1). In our regressions we exclude those industries with less than 15 creations in the estimation sample; this leaves us with 75 and 62 three-digit industries in the between-cities and the within-cities analyses respectively.
The distribution of counts of new firms per city and industry is summarized in Table 1a .
[Insert Table 1 
Inter-industry relations and agglomeration theories
Inter-industry relations are the basis for identifying the sources of agglomeration economies. Our strategy is to construct measures of the extent to which two industries 1) use the same type of workers (labor market pooling); 2) have a customer-supplier relationship (input sharing); or 3) share technology and knowledge (knowledge spillovers). Once we have these measures for all industry pairs, we construct weighted sums of (pre-determined) employment levels by industry and location, where higher weights are assigned to industries with stronger relationships throughout the three different dimensions. These industry-specific weighted sums of employment can thus be interpreted as the employment in industries that: 1) use workers with the same occupations as those used by industry i (labor ic ); 2) supply inputs to industry i (input ic ); 3) buy the outputs of industry i (output ic ); and 4) use the new production technologies (techno ic ) used by industry i.
Labor market pooling: Labor market pooling denotes the advantages that firms and employees obtain from locating in a thick labor market. If labor market pooling is a relevant agglomeration theory, then industries that use similar workers should co-locate because of the higher workers' mobility between these industries. Following Dumais et al (1997) and Ellison et al (2010) we look at the distribution of workers by industry and occupation. We consider all the manufacturing workers contained in the second quarters of the 2001 and 2005 waves of the Spanish Labor Force Survey (EPA). Workers are classified in 207 different occupations which correspond to the three-digit level of the 1994 National Classification of Occupations listed in Table A1 in the Annex. The variable labor similarity ij measures the extent to which the distribution of workers by occupation in industry i is similar to that in industry j:
where o indexes occupation and L denotes number of workers. Notice that labor similarity ij is the inverse of a Duncan and Duncan (1955) 
where r identifies the r th closest industry in this labor market pooling metric. To increase the weights assigned to the closest industries, we only consider the 10 th closest. The highest weight in our sample corresponds to the Manufacture of rubber products (CNAE 251) and the Manufacture of plastic products (CNAE 252) industry pair. Based on this industry-specific set of weights we construct the variable labor ic :
which is a weighted sum of industry (j) and location (c) employment levels where industries that use workers who are more similar to those used by industry i are given higher weights. Hence, labor ic is a measure of the local employment in the industries that use the same workers as those used by industry i.
Input sharing: The concentration of firms in a geographical area enables them to share a larger base of suppliers and, at the same time, to be closer to customers. Following previous work, we use data from Input- Output Tables to characterize customer-supplier relations. In   particular, we use data from the 2001 Catalan Input-Output Table built by Statistics Catalonia (IDESCAT) 9 . We use this regional table instead of the Spanish one because it enables us to characterize customer-supplier relations for narrowly defined industries 10 . We construct the two following sets of industry-specific weights:
W is the share of the inputs that industry i purchases from industry j (including those in the agriculture and the services sectors). Conversely, O ij W is the share of the outputs produced by industry i that are purchased by industry j. The most intense dependence on a single input supplier industry is that shown by the producers of Manufacture of articles of paper and paperboard (CNAE 212) which obtain 66% of their inputs from producers of Manufacture of pulp, paper and paperboard (CNAE 211). The most intense dependence on a single customer is that shown by the producers of Manufacture of prepared animal food (CNAE 157) which sell 96% of their output to the producers in Agriculture, hunting and related service activities (CNAE 100). Based on these two industry-specific sets of weights we construct the variables input ic and output ic :
which are weighted sums of industry (j) and location (c) employment levels where industries that have stronger customer-supplier relationships are given higher weights. Notice that input ic measures the local employment in the industries that are industry i's main input supplier.
Likewise, output ic measures the local employment in the industries that are industry i's main customers.
9 Catalonia is a region in the north-east of Spain. In 2001, the population of Catalonia (6,361,365 inhabitants) represented 15.5% of the Spanish population, 17.5% of its employment and 24% of its manufacturing employment. 10 The Catalan (Spanish) Input-Output table enables us to characterize the supplier-customer relations for 122 (71) industry pairs. However, input ic and output ic do not vary at the three digit level in all cases as the Input-Output products can only be grouped into 54 manufacturing industries. We address this mismatch by clustering the standard errors at the two-digit industry and location in all the estimations.
Knowledge spillovers: Marshall (1890) considered that knowledge and ideas flow more easily between firms and employees located nearby (knowledge spillovers). If firms co-locate to share knowledge and ideas, industries that use similar knowledge should be co-located.
Knowledge spillovers are difficult to measure. In the literature, information flows between industries have been proxied using patent citations data (patents in industry i that are cited in patents of industry j) or Scherer's (1984) technology matrix which measures R&D activity flows between industries. Ellison et al (2010) use measures based on both approaches, accepting that they only reflect flows of ideas at the highest level. The construction of measures of information flows between industries using patent citations data or Scherer's (1984) technology matrix seems especially hard to justify in the Spanish context. The Spanish economy has low levels of innovation: innovation expenditure accounts for only 1.35% of GDP, compared with 2.77% in the US. The picture that emerges from patent data is even more striking: 0.005 patents per one thousand inhabitants in Spain, compared with 0.048 in the US. In the light of these figures, we
propose an alternative approach to measure the extent to which different industries share knowledge. We use a survey conducted by Statistics Spain in 1998 asking manufacturing firms about their use of 26 different new technologies in their production processes (a complete list of these new technologies in production is shown in Table A2 ) 11 . The variable technology similarity ij measures the extent to which industry i and j use the same new technologies in their production processes:
where n indexes new technologies in production and NT ni /NT i denotes the share of firms in industry i which, using at least one new technology in production, use technology n. The
Manufacture of electronic valves and tubes (CNAE 321) and the Manufacture of television and radio transmitters (CNAE 322) represent one of the closest industry relations in terms of sharing new technologies. We rank all J industries in descending order based on their technology similarity with industry i and construct the following industry-specific weights:
(9) 11 The name of this special survey is "Use of new technologies in Manufacturing" and was carried out in 1998 as part of the broader "Survey on Technological Innovation in Companies", compiled annually.
where r identifies the r th closest industry in this knowledge spillovers metric. We set r=3 as a means of increasing the weight assigned to the closest industries 12 . Based on this industry-specific set of weights we construct the variable techno ic :
which is the weighted sum of industry (j) and location (c) employment levels where industries that use more similar new technologies in their production processes are given higher weights. Hence, techno ic is a measure of the local employment in the industries that share knowledge and ideas with industry i.
Econometric specification and identification issues
Model Specification: We use the random profit maximization approach (Carlton, 1983) to formalize the location decisions of new firms. A linearized expected profit function can be written as:
where kic π denotes the profit level that firm k, belonging to industry i, would obtain in geographical unit c. This profit level is determined by local agglomeration economies that are relevant for industry i, a ic . This vector contains the log-employment in industries that: 1) use workers with the same occupations as those used by industry i (labor ic ); 2) supply inputs to industry i (input ic ); 3) buy the outputs of industry i (output ic ); and 4) use the new production technologies (techno ic ) used by industry i. The variable emp ic , captures the own-industry employment in location c whereas ic x is a vector of control variables, which will be described below. kic ε is an unobservable random term which varies across firms and locations.
If firms locate where profits are the highest and kic ε follows an (iid) Extreme Value Type II distribution, the probability that firm k locates in geographical unit c has a Conditional Logit form:
Guimarães et al (2003) have shown that the Conditional Logit coefficients can be equivalently estimated using the Poisson regression with exponential mean function:
where the dependent variable, N ict , is the count of new firms in industry i that locate in geographical unit c. This implies that Poisson estimates can be given a Random Profit Maximization interpretation.
In a different vein, Becker and Henderson (2000) considered a situation in which each location has a latent pool of geographically immobile entrepreneurs. This pool of entrepreneurs will result in more or less new firms being created in industry i (as opposed to firms being created in other industries or firms not being created at all) depending on the expected profits of doing so (demand side) and the number of 'latent' entrepreneurs in the area (supply side). Hence, the number of firms being created in industry i and location c is determined by local variables that shift firms' profits (like local agglomeration economies) and the potential pool of local entrepreneurs (the size of the local economy). Hence, the estimates of (13) can also be interpreted as the outcome of geographically immobile entrepreneurs creating more or less firms in response to local conditions. Brülhart et al (2007) the estimated coefficients can be interpreted as elasticities 13 . All specifications include the ownindustry employment as a control variable where a separate parameter is estimated for each industry, allowing the strength of the so-called localization economies to be industry-specific (i.e. ic i emp δ ⋅ ) 14 . Our most parsimonious specification includes industry fixed effects ( i a ) and two additional controls, the urban surface of the geographical unit of analysis (land c ) and a set of fixed effects for some aggregation of the geographical units of analysis (a r ). Hence, the baseline specification (whose results are reported in the first column of Tables 2 and 3) is: 13 Given that these variables are zero for some industries and municipalities, we follow Crépon and Duguet (1997) and sum one to the observations that are zero to take the log of this transformed variable. Additionally, we include a dummy variable that indicates whether the original variable was zero. For instance,
corresponds to the way in which labor ic enters the specification. 14 Given that the employment level is also zero in some industries and municipalities, we apply to this variable the transformation proposed by Crépon and Duguet (1997) described in footnote 13. where land c will be the (log) land area of the city (in the between-cities analysis) or that of the municipality (in the within-cities analysis) and is included following Bartik (1985) , who emphasized that geographical units with more available land are 'mechanically' more likely to be chosen. In the between-cities analysis, the term a r corresponds to 17 European NUTS-2 fixed effects which control for location determinants that are common to all locations within a region such as the market potential (in terms of consumers) 15 , regional policies, or the remoteness of an area. In the within-cities analysis, the term a r corresponds to (aggregate) city fixed effects. In terms of the Random Profit Maximization Framework (the 'Footloose Entrepreneurial' model), one can think of location choices as being made in two sequential steps: Mobile entrepreneurs first choose the city and then, in the second step, decide in which municipality to locate within the chosen city. Our estimates can be interpreted as estimates of location determinants driving this second decision.
In the second specification, we additionally include the overall employment level excluding that of industry i (emp -ic ) in order to control for the so-called urbanization economies (the effect of the size of the local economy on firms' profitability) and for the fact that larger local economies have more latent entrepreneurs. Hence, the specification whose results correspond to the second column of Tables 2 and 3 is:
In a third specification, using the fact that the variables of interest vary across industries and locations, we include location-specific fixed effects (city-fixed effects in the between-cities analysis and municipality-fixed effects in the within cities analysis). This implies that variables that only show variation across locations (e.g. land c ) are no longer identified 16 . The specification whose results are reported in the third column of Tables 2 and 3 is:
where a c is the location fixed effect. This is our preferred specification since it effectively controls for location determinants (i.e. natural advantages) that are not always easy to measure, such as wages, the composition of the labor force, rents, business climate, land-use regulations, proximity to airports and major infrastructures.
In these analyses, there is one observation for each industry in every city (or municipality), implying that city (or municipality) shocks would generate correlated error terms. Failing to account for this group component of the error term can result in estimated standard errors that are too small (Moulton, 1990) . Besides, as mentioned above: a) the match between the classification of products (Input-Output Tables) and industries is not perfect; and b) the Survey of the Use of New Technologies in Production was not carried out at the three-digit level in all industries. This implies that for some industries, the variables of interest (input ic , output ic and techno ic ) take the same values for some three-digit industries within the two-digit industry classification, generating an additional source of (grouped-structure) correlation in the error term.
In order to produce valid statistical inference, we cluster the standard errors at the city and twodigit industry level in the between-city analysis (and at the municipality and two-digit industry level in the within-cities analysis). would not entirely disappear if one were willing to assume that inter-industry relations are the cause and not the result of co-location: it could be that industries that co-locate due to a common dependence on an unobserved natural advantage turn out to employ similar workers, use similar technologies or have a customer-supplier relationship (an omitted variables bias). For instance, two industries that turn out to use similar workers may locate in the same area not in order to share workers but attracted by the proximity to a hub airport (a location factor omitted by the researcher).
In order to minimize the potential confounding effect of natural advantages, Ellison et al (2010) construct an estimated spatial distribution of industries based on the 16 natural advantages studied in Ellison and Glaeser (1999) . Using this estimated spatial distribution of industries, they construct an index which reflects co-agglomeration due to natural advantage and introduce this index as a control variable in the regressions. However, this control is far from perfect, given the difficulties found in measuring some natural advantages. To deal with the simultaneity bias (the fact that inter-industry relations are the result and not the cause of agglomeration), Ellison et al (2010) resort to an instrumental variables approach, using UK data to construct measures of inter-industry relations which are then used to instrument their US counterparts. However, as the authors concede, these instruments will only mitigate this simultaneity bias if there are similarities in the ways in which natural advantage drives industry co-location in the US and in the UK 17 .
Using the count of new firms as the dependent variable helps us to overcome both the omitted variable and the simultaneity biases. Regarding the potential bias due to unobserved natural advantage, our approach allows us to condition the count of new firms in year t on the stock of own-industry employment in year t-1. Notice that the omitted factors that drive the location of new firms in year t are very likely to have driven the location decisions of new firms in the past. To give an example, in an industry where proximity to airports is particularly important, the geographical distribution of its old firms will be very strongly correlated with the geographical distribution of its new firms. Hence, the stock of employment in year t-1 acts as a catch-all control variable for sector-specific location determinants (either observed or unobserved) 18 . As previous studies of the location decisions of new firms have pointed out, location attributes are fixed at the time of the start-up (Rosenthal and Strange, 2003) . In other words, the characteristics of cities (or municipalities) are seen as fixed from the viewpoint of a single entrepreneur, eliminating the possibility of a simultaneity bias. If sharing workers were the result and not the cause of co-location, the location of new firms would not react to the (pre-determined) geographical distribution of industries that use similar workers. Notice, however, that this is only true if there are no confounding unobserved location determinants (i.e. natural advantages). In this respect, we emphasize that besides including the stock of employment in year t-1 as a catchall control for sector-specific location determinants, our preferred econometric specification, described in (6), contains location-specific fixed effects. These fixed effects control for all the observed and unobserved location determinants that do not vary by industry, including wages, the composition of the labor force, rents, business climate, land-use regulations, proximity to airports and major infrastructures. 17 As an alternative set of instruments, Ellison et al (2010) measure inter-industry relations in areas in the US where pairs of industries are not co-agglomerated. The main results of the paper turn out to be similar using either the UK instruments or this alternative set. 18 Becker and Henderson (2000) argue that if location determinants are very persistent over time, conditioning the count of new firms in year t on the stock of pre-existing firms is essentially equivalent to introducing location-and sector-specific fixed effects.
The results
Between-cities evidence: We first report and discuss the baseline results obtained when we analyze variation in new firms across (aggregated) cities. The first column in Table 2 shows the results of the specification described in (14), where new firms in industry i are regressed on the variables of interest (namely, labor ic -employment in industries that use workers with the same occupations as those employed by industry i, input ic -employment in industry i's input suppliers, output ic -employment in industry i's customers i and techno ic -employment in industries that use the same new production technologies as those used in industry i) and a set of control variables:
own-industry employment, the urban surface of the city, and industry and regional fixed effects.
[Insert Table 2 here]
The fact that the explanatory variables are measured in logarithms coupled with the Poisson exponential mean specification implies that the coefficient estimates in Table 2 can be interpreted as elasticities. The estimates reported in the first column imply that a 1% increase in the city employment in industries that use workers with the same occupations as those used by industry i increases new firms' creation in this industry by 0.11%. Likewise, a 1% increase in the city employment in industries that provide the inputs to industry i increases new firms' creation in this industry by 0.27%. Employment increases in industry i's customers and employment increases in industries that use the same new technologies in production as those used in industry i do not affect on the creation of new firms in this industry. Hence, the between-cities results suggest that labor market pooling and input sharing seem to be relevant agglomeration mechanisms at the city level, whereas knowledge spillovers do not.
The results of the second specification, described in (15), are reported in the second column of Table 2 . This specification includes the employment level in the city (excluding that of industry i) as an additional control. This has implications for the way in which the estimates of interest are interpreted. Notice that an employment increase in a given industry, keeping the overall employment level constant, implies an employment reduction in another industry. Hence, a 1% employment increase in industry i's input suppliers drawn from other industries in the city increases new firms' creation in this industry by 0.33%. Likewise, an analogous employment increase in industries that use similar workers as those used by industry i increases new firm creations in this industry by 0.13%. The negative coefficient estimate for the overall employment implies that more employment deters firm births, holding constant the employment in industry i and in those industries that are especially relevant for industry i (industries that use workers with the same occupations, have a customer or supplier relationship or use the same new production technologies). This suggests that the crowding effects associated with this employment increase (increased wages, rents and congestion) more than offsets the benefits of agglomeration. Notice that the positive effects of employment increases in specific industries can thus be interpreted as net effects of agglomeration (agglomeration benefits offsetting crowding or congestion costs).
Specification 3, described by (16), whose results are reported in the third column of Table   2 includes city fixed effects. The estimates imply that a 1% employment increase in industries that use similar workers to those used by industry i increases firm births by 0.12%. Likewise, a 1%increase in city employment in industries that provide inputs to industry i increases new firm births in this industry by 0.26%. Overall, the results are relatively similar in all three specifications and indicate that input sharing and labor market pooling are relevant agglomeration mechanisms, whereas we find no evidence supporting the relevance of the knowledge spillover theory.
Within-cities evidence: Different agglomeration mechanisms may operate at different intensities at different geographical scales. Table 3 shows the results of our analysis of variation in the creation of new firms across municipalities within large (aggregated) cities. In our baseline specification, we restrict our sample to (aggregated) cities where the central city has more than 200,000 inhabitants. The results shown in the three columns in Table 3 correspond to the specifications discussed in Table 1 , adapted to the geographical unit of analysis in question (i.e. the municipality). In the first column, new firms are regressed on the variables of interest, ownindustry employment, the urban surface of the municipality and city fixed effects. The results reported in the second column are those of a specification in which the overall (outside industry) employment is included as an additional control variable. In the third and last specification, there are municipality specific fixed effects which imply that identification comes from the variation in the creation of new firms across industries within municipalities.
[Insert Table 3 here]
The results reported in the first column in Table 3 imply that a 1% increase in municipal employment in industries that use similar workers to those used by industry i increases firm births in this industry by 0.065%. Likewise, an analogous employment increase in industries that provide inputs to industry i increases firm births in industry i by 0.22%. Employment increases in industries that buy the outputs of industry i and employment increases in industries that use the same new technologies as those used in industry i do not have an effect on firm births in industry i. The results in the second specification imply that increasing the overall employment in municipality i (holding constant the employment in industry i and in those industries that are especially relevant for industry i) reduces the creation of new firms in this industry by 0.41%. The comparison of the coefficient estimates in the first and second columns in Table 3 indicates that keeping employment size fixed increases the estimated effects of interest. The effect of an employment increase in industries that use workers with the same occupations rises from 0.065% to 0.115% whereas the effect of an employment increase in industries that supply inputs rises from 0.22% to 0.42%. Finally, an employment increase in industries that use the same new technologies in production as those used by industry i increases firm births by 11%, suggesting that knowledge spillovers may also be relevant. The results obtained in the third specification (which includes municipality fixed effects) are similar to those reported in the second column, although the effect of an employment increase in industries that buy the outputs of industry i increases and becomes (weakly) statistically significant. Overall, the results in Table 3 suggest that all agglomeration theories are relevant. There are many reasons why knowledge spillovers appear as a relevant agglomeration theory in the within-cities analysis (Table 3) and not in the betweencities analysis (Table 2) . Nevertheless, we stress one of them: the geographical scope of knowledge spillovers is probably very limited and the municipality may be a more appropriate geographical unit to capture these effects.
The relative importance of different agglomeration mechanisms: All the reported coefficients have the interpretation of elasticities which are meaningful in themselves. However, in the interests of comparability across the size of the coefficient estimates (and the relative importance of different agglomeration mechanisms), we report the average marginal effect of increasing 1,000 employees in each of the variables of interest 19 . The results, based on the location specific fixed effects specification (results shown in the third columns of Tables 2 and 3) , are shown in Table 4 .
[Insert Table 4 here]
In the between-cities analysis, an increase of 1,000 employees in industries that use workers with the same occupations as those used by industry i creates 2.24 new firms (over a 3year period). Likewise, an increase of 1,000 employees in the industries that supply inputs to industry i creates 1.42 new firms over the same time period. Hence, taking these estimates at their face values implies that labor market pooling is a more relevant agglomeration theory than input 19 For the X variable, the marginal effect for individual i is given by
. We average the marginal effect across all observations. sharing. Labor market pooling and input sharing seem to have the same order of magnitude when we examine variation in the creation of new firms across municipalities within large cities.
An increase of 1,000 employees in industries that use workers with the same occupations as those used by industry i creates 1.56 new firms, whereas the same employment increase in the industries that supply inputs to industry i creates 1.45 new firms. Much smaller is the implied effect of an equal increase in the employment of industries that use the same new technologies in production as those used by industry i (0.6 births). More employment in industries that buy the outputs of industry i has a tiny effect on the births of firms in this industry.
It is also interesting to compare the estimates across the two columns (between vs. within city evidence) since this may shed some light on the relevance of different agglomeration mechanisms at different geographical scales. The results indicate that an increase of 1,000 employees in industries that use workers with the same occupations as those used by industry i generates a higher impact if this increase is at the city level (2.24 new firms) than at the municipality level (1.56). This is consistent with the intuition that labor market pooling operates at the city-level (a self-contained labor market), implying that estimates based on within-city comparisons underestimate the labor market pooling effects by failing to internalize spillovers occurring between municipalities within cities. In contrast, an increase of 1,000 employees in industries that use the same new technologies as those used in industry i has a much larger effect if this increase is at the municipality level (0.6 new firms) rather than at the city-level (0.1 new firms) suggesting that in order to generate firm births, the activities using similar technologies must be concentrated in a given municipality within the city. The effects of an increase of 1,000 employees in industries that are the input suppliers of industry i are similar if they take place at the city or at the municipality level (about 1.4 new firms).
Robustness checks: As a first robustness check, we assess the extent to which our results are sensitive to the somewhat arbitrary definition of the local employment level in the industries that share workers (labor ic ) and knowledge (techno ic ) with industry i. labor ic (techno ic ) are weighted sums of industry (j) and location (c) employment levels where industries that use workers (new technologies) more similar to those used in industry i are given higher weights. Industries that are not among the ten closest in terms of sharing workers are given a weight of zero. Likewise, industries that are not among the three closest in terms of sharing knowledge are given a weight of zero. Among the 10(3) closest industries, the closer the industry is, the higher the weight assigned to this industry -see expressions (2) and (9) for a formal definition of these weighting schemes. As a first alternative measure, we apply the scheme just described to the 15(5) closest industries. Formally, this amounts to setting r=15 in the labor market pooling metric, expression
(2), and r=5 in the knowledge spillovers metric, expression (9). The results are shown in the second column of Tables 5 (between-cities) and 6 (within-cities). The second alternative that we consider can be described as follows. Industries that are not among the 10(3) closest are given a weight of zero but the 10(3) closest industries are all given the same weight. The results of this second exercise are shown in the third column of Tables 5 (between-cities) and 6 (within-cities).
[Insert Table 5 here] [Insert Table 6 here]
The results shown in Tables 5 and 6 indicate that our results are robust to the precise definition of the local employment level in the industries that share workers (labor ic ) and knowledge (techno ic ) with industry i, thus showing that our analysis is consistent. The within-cities evidence is based on examining variations in the creation of new firms across municipalities within the largest cities in the country. In particular, we select the 19 cities whose central municipality has more than 200,000 inhabitants. In order to explore whether our results are sensitive to this particular cutoff, we replicate the within-cities evidence for the largest 6 and 31 cities in Spain (the number of cities whose central municipality has more than 500,000 and 150,000 inhabitants, respectively). The results are shown in the second and third columns in Table 7 .
[Insert Table 7 here] The overall tenor of the results does not change across the columns in Table 7 , although the coefficient estimates that correspond to techno ic (the local employment level in the industries that share knowledge) change significantly across the specifications. The results suggest that when examining firm locations across municipalities within large cities, knowledge spillovers become increasingly important as one restricts the attention to increasingly large (and dense)
cities. This suggests that knowledge spillovers are especially relevant in the densest economic environments.
Discussion of the results: Our results corroborate those of previous studies in the literature which support the empirical relevance of the Marshallian agglomeration economies reviewed in the introduction. In fact, we find evidence for each of the three agglomeration mechanisms (labor market pooling, input sharing and technological spillovers). In this respect, our results are similar to those found by Ellison et al (2010) and Dumais et al (1997) , the other studies that use inter-industry relations to assess the relative importance of different agglomeration mechanisms. Our results suggest that labor market pooling is the most important agglomeration mechanism (especially in the between-cities analysis). The same result has been found in Dumais et al (1997) and Rosenthal and Strange (2001) but not in Ellison et al (2010) , who concluded that input sharing is the most relevant agglomeration mechanism. Our results also indicate that knowledge spillovers are relevant but only at a very local level. In any case, the results that support the relevance of the knowledge spillovers mechanism also imply that sharing knowledge is less important than sharing workers or having a customer-supplier to explain the co-location of industry pairs. Similar results appear in Dumais et al (1997) and Ellison et al (2010) , probably related in some way to the difficulties found in measuring inter-industry knowledge flows. In fact, Ellison et al (2010) considered that part of the inter-industry knowledge flows may take place through workers' mobility between industries (labor market pooling) or through customer-supplier relationships (input sharing).
The result that knowledge spillovers are only relevant to explain agglomeration at a very local level suggests that this agglomeration mechanism has a very limited geographical scope.
This result is in line with the study by Rosenthal and Strange (2001) which found that industries that are more knowledge-intensive are more spatially concentrated but only at the zip code level.
Besides, the robustness analysis suggests that knowledge spillovers are especially relevant in the densest economic environments. Our results also indicate that the labor market pooling mechanism is more important in explaining agglomeration between cities than within cities. This is consistent with the intuition that labor market pooling should operate at the local labor market level. In contrast, the input sharing mechanism seems to act with the same strength in the between-and within-cities analyses. This is somewhat surprising since transport costs are not expected to be particularly high across locations within a city. One possibility is that interindustry customer-supplier relations partly capture knowledge flows between industries.
Conclusions
This paper contributes to the literature of the micro-foundations of agglomeration economies and quantifies the relative importance of the different Marshallian agglomeration mechanisms by examining the location of new manufacturing firms in Spain. As recently stated in the literature, examining inter-industry relationships constitutes a powerful approach for empirically identifying different agglomeration theories. Following this line of research, we regressed the creation of new firms by industry and location on employment in industries that: 1) use similar workers (labor market pooling); 2) have a customer-supplier relationship (input sharing); and 3) use similar technologies (knowledge spillovers). We find evidence of the three Marshallian mechanisms (labor market pooling, input sharing and knowledge spillovers) but their incidence differs depending on the geographical scale of the analysis.
Our main results can be summarized as follows. New manufacturing firms tend to locate in areas with more employment in industries that use similar workers in terms of their skills, and in areas with more employment in industries that have a customer-supplier relationship. These effects show up when we analyze firm locations both across cities and across municipalities within cities. When we examine firm location decisions within cities we find that new firms are also attracted to areas with more employment in industries using the same technologies as those used by industry i. This suggests that knowledge spillovers are a relevant agglomeration source operating at a small geographical scale. 35,775 Notes: 1) Robust standard errors (in parentheses) clustered at the two-digit industry and city level; 2) ***, ** and * statistically significant at 1, 5 and 10 percent; 3) All the explanatory variables measured in its logarithmic form (those with zero values have been transformed as detailed in the text); 4) labor ic , input ic , output ic and techno ic are (weighted) sums of the employment in different industries in each city. The weights are industry-specific and reflect the intensity of inter-industry relationships. labor ic is the employment in industries that use workers with the same occupations as those employed in industry i. input ic is the employment in industry i's input suppliers. output ic is the employment in industry i's customers and techno ic is the employment in industries that use the same new production technologies as those used in industry i; 5) n.i. indicates that the variable is not identified because it does not vary across industries in a given city. 48,050 Notes: 1) Robust standard errors (in parentheses) clustered at the two-digit industry and municipality level; 2) ***, ** and * statistically significant at 1, 5 and 10 percent; 3) All the explanatory variables measured in its logarithmic form (those with zero values have been transformed as detailed in the text); 4) labor ic , input ic , output ic and techno ic are (weighted) sums of the employment in different industries in each municipality. The weights are industry-specific and reflect the intensity of inter-industry relationships. labor ic is the employment in industries that use workers with the same occupations as those employed in industry i. input ic is the employment in industry i's input suppliers. output ic is the employment in industry i's customers and techno ic is the employment in industries that use the same new production technologies as those used in industry i; 5) n.i. indicates that the variable is not identified because it does not vary across industries in a given municipality. techno ic 0.103 0.603 *** Notes: 1) Effects implied by the estimates reported in the third columns of Table 2 and 3 (Between-cities and within-cities evidence); 2) The marginal effect is computed for each observation and averaged across all observations; 3)***, ** and * statistically significant at 1, 5 and 10%. 35,775 Notes: 1) Robust standard errors (in parentheses) clustered at the two-digit industry and city level; 2) ***, ** and * statistically significant at 1, 5 and 10%; 3) All the explanatory variables measured in its logarithmic form (those with zero values have been transformed as detailed in the text); 4) labor ic , input ic , output ic and techno ic are (weighted) sums of the employment in different industries in each city. The weights are industry-specific and reflect the intensity of inter-industry relationships. labor ic is the employment in industries that use workers with the same occupations as those employed in industry i. input ic is the employment in industry i's input suppliers. output ic is the employment in industry i's customers and techno ic is the employment in industries that use the same new production technologies as those used in industry i; 5) n.i. indicates that the variable is not identified because it does not vary across industries in a given city. Overall municipality employment (excluding that of industry i) n.i. n.i. n.i. Table 3 (replicated in the first column); 2) Robust standard errors (in parentheses) clustered at the two-digit industry and municipality level; 3) ***, ** and * statistically significant at 1, 5 and 10%; 4) All the explanatory variables measured in its logarithmic form (those with zero values have been transformed as detailed in the text); 5) labor ic , input ic , output ic and techno ic are (weighted) sums of the employment in different industries in each municipality. The weights are industry-specific and reflect the intensity of inter-industry relationships. labor ic is the employment in industries that use workers with the same occupations as those employed in industry i. input ic is the employment in industry i's input suppliers. output ic is the employment in industry i's customers and techno ic is the employment in industries that use the same new production technologies as those used in industry i; 6) n.i. indicates that the variable is not identified because it does not vary across industries in a given municipality.
